Abstract: This paper analyzes the impact of the newly operated Dubai Metro on the sale transaction value of dwellings and commercial properties. The effect is estimated for properties within different catchment zones of a metro station using difference-in-differences and hedonic pricing methods on both repeated cross-sectional data and pseudo panel data. Our estimates show a positive effect of the metro on sale values of both residential and commercial properties, although the effect is stronger for commercial properties. The models also reveal that the effect of the metro on the value of dwellings and commercial properties is largest within 701 to 900 meters of a metro station and is about 13 percent and 76 percent, respectively.
Introduction
A large number of researchers have examined the effect of rail systems on property values and the range of estimates varies substantially across studies (Mohammad et al. 2013) . The majority of studies suggests that proximity to rail stations enhances property values (e.g., Laakso 1992; Pan and Zhang 2008; Voith 1991; Weinberger 2001) , some indicate a negative impact at certain locations mainly due to negative environmental externalities (e.g., Bolling, Ihlanfeldt, and Bowes 1998; Cervero 2003; Du and Mulley 2006) , and a few show no noticeable effect (Gatzlaff and Smith 1993) .
The empirical literature has generally adopted hedonic pricing (HP) methods to estimate the relationship between rail and property values. Although HP models can control for unobserved heterogeneity across properties, they cannot identify a causal relationship between rail access and property value, only indicative results. For example, stations may be found at high-valued areas like a commercial hub zone, and HP models typically do not account for the impact of these attributes on the reported values (Billings 2011; Gibbons and Machin 2005) .
As an improvement to the HP models, a number of studies have recently started using an innovation-based model, the difference-in-differences (DID) estimator (e.g., Agostini and Palmucci 2008; 265 The effect of the Dubai Metro on the value of residential and commercial properties if, for example, properties in close proximity to a metro station are located in high-valued neighborhoods for reasons other than access to the metro, or these neighborhoods may have affected the choice of location of the metro. Only a limited number of studies has attempted to address the issue of reverse causality by using a DID method (e.g., Agostini and Palmucci 2008; Ahlfeldt 2013; Billings 2011; Dubé, Thériault, and Des Rosiers 2013; Gibbons and Machin 2005) . However, we were not able to find any study that tested the hypothesis of reverse causality, i.e., that there is an association between the value of properties and the choice of metro location. Studies using the DID method distinguish between "treated" properties and "control" properties. Treated properties are defined as those located within a relatively close distance from a station, generally not more than 2 kilometers (e.g., Agostini and Palmucci 2008; Ahlfeldt 2013; Billings 2011; Gibbons and Machin 2005) , while the remaining properties are defined as control. Alternatively, some researchers define the group of treated and control properties using a propensity score matching method (PSM) (Billings 2011; Concas 2012) .
Another source of bias refers to omitted variables, or confounding. A number of researchers have controlled for the effect of factors that might be confounded with the transport system. These variables typically refer to accessibility to employment centers (e.g., Billings 2011; Dewees 1976; Du and Mulley 2007; Dubé, Thériault, and Des Rosiers 2013; Gibbons and Machin 2005; Kim and Zhang 2005; Martinez and Viegas 2009; Wu 2012 ) and accessibility to major shopping centers (e.g., McDonald and Osuji 1995; Vichiensan and Miyamoto 2010) . Failure to include these variables leads to potential inconsistent and biased estimates of the effect of the transport system on property values.
A more elaborate example is as follows. In estimating the effect of proximity to a light rail (LRT) station on the value of residential and commercial properties, Billings (2011) found significant differences in the characteristics of the treated and control communities for reasons other than access to LRT stations (e.g., income and crime levels). The study adopts a DID model and a distance-based HP model and argues that the results are unbiased by controlling for neighborhood attributes and using repeated cross-sectional data. Another example is Bowes and Ihlanfeldt (2001) , which uses a HP model to study the effect of proximity to a rail station on the value of residential properties. Neighborhood attributes such as employment density, median income, or crime levels are included in the model and are found to have a significant effect on property values.
The third issue is unobserved heterogeneity across properties. Access to panel data can help correct for time-invariant unobserved heterogeneity, but a genuine panel data is rarely available. One way of overcoming this limitation is by constructing a pseudo panel dataset (Cameron and Trivedi 2005; Collado 1997; Deaton 1985) . A pseudo panel dataset is formed by grouping individual observations in the repeated cross-sectional data into cohorts. The mean value of the individual observations in a cohort is the value of the pseudo panel data. Therefore, a value for each cohort is available for several periods of time even if the individuals in that cohort are not the same over time. A very limited number of studies used pseudo panel data to estimate the effect of rail on property values (e.g. Ahlfeldt 2013; Gibbons and Machin 2005) . The majority of studies have used repeated cross-sectional data (e.g., Agostini and Palmucci 2008; Billings 2011; Dubé, Thériault, and Des Rosiers 2013; Koster, Ommeren, and Rietveld 2010; McMillen and McDonald 2004; Martinez and Viegas 2009; Weinberger 2001) . To our best knowledge, no study has used both repeated cross-sectional data and pseudo panel data in the same analysis.
Both the data structure and the estimation method play important roles in controlling for the different sources of bias. The majority of researchers control for unobserved heterogeneity and omitted variable bias using repeated cross-sectional data, and a few use panel data or pseudo panel data. The next section describes the transport system and the property data, while the empirical methods are presented in Section 4. 
3
The transport innovation and property data
The transport innovation
Dubai has been growing rapidly. The population increased from 827,000 in 2000 to over 2.1 million in 2012. This has led to a strong increase in the demand for transport services. To cater to high travel demand in a car-oriented environment, the Road and Transport Authority (RTA) in Dubai has implemented measures to promote public transport. These include the enhancement of the public transport network of buses and marine services and the building of the first metro in the Middle East (Figure 1 ). The initial study on the construction of a metro system in Dubai was conducted by Dubai Municipality in 1992, and the study of the potential location for the metro was The metro was proposed to support the increasing travel demand to the major existing and future employment centers, shopping malls, and Dubai Airport. The potential demand was calculated using a transport model for the year 2010 and included details on the distribution of land uses, shopping densities and employment densities (Dubai Municipality 2003) . The major part of the red line route runs along one of the main road corridors in Dubai (known as Sheikh Zayed Road), along which are located a large employment center and five of the main shopping malls. It connects residential properties located close to either end of the line with employment areas and major shopping malls located in the middle of the line. The green line serves mainly the old central business district (CBD) area. The alignment of the metro was chosen to serve the areas with the highest estimated and projected trips in Dubai and with available right of way.
The initial and final routes of the metro are very similar (see Figure 1) , with the exception of a few changes. The initial route consisted of a (red) line running from the west to the east of Dubai, whereas the final route diverts southeast and includes a second (green) line. In addition, more stations were added to the green line, especially in the old CBD area, as well as in the southwestern part of the Dubai Creek, which serves a planned employment center. The final red line southeast of Dubai Creek was initially part of the green line. The effect of the Dubai Metro on the value of residential and commercial properties To check for potential reverse causality between property values and the location of the metro stations, we consider whether the route may have been selected to serve neighborhoods with higher income levels. Unfortunately, there are no data available for actual income, only an indication of income level according to three levels: low, medium, and high income. Figure 2 shows the classification of communities into high-, medium-, and low-income communities 1 . We can see that the metro serves communities with different income levels and there is no obvious pattern between higher income and the location of stations. As a result, we argue that the choice of metro location does not depend on the income level (and thus property value) of a given area, and hence reverse causality is not likely to be an issue.
Nevertheless, the choice of station location is based on the spatial distribution of employment and shopping densities. In fact, as mentioned earlier, one of the reasons for building the metro system was to serve existing and future major employment centers, existing and future major shopping malls, and the Dubai Airport. Therefore, it is important to consider these variables in the empirical analysis. We provide a summary of the characteristics of the communities served by the metro (i.e., treated) and those not served (i.e., control) 2 in Table 1 . The table provides summary statistics for population, employment, and shopping densities for all treated and control communities in Dubai and for the communities in our dataset. While the mean population density for all treated and control communities is different, it is similar for the sample of treated and control communities in our datasets. Nonetheless, the mean employment and shopping densities for treated communities is considerably higher than for control communities for both the population of communities in Dubai and the sample of communities in our datasets. This substantial difference between the treated and control communities confirms that the metro was chosen based on the location of employment and shopping destinations.
In addition, we assume that the new metro does not lead to redistribution of major employment and shopping destinations during the time period of our study (2007) (2008) (2009) (2010) (2011) . This is a reasonable assumption, since both the land development and land use distribution in Dubai had been fixed for that period at the time of the announcement of the metro in 2005. Nevertheless, employment densities have changed across Dubai due to an increase in the supply of offices; therefore, we need to control for employment density in our models. (table 2) , as well as the results from the regression analyses (Section 5). Table  2 shows that the mean values per unit area of residential and commercial properties are larger for the treated groups than for the control groups. In addition, the value of the standard deviation is also larger for the treated groups, which indicates there is more variation in the value of treated properties than in the value of control properties.
Similar to previous empirical work, treated properties are defined as those located within a given distance of a station, while control properties are those located at a greater distance (e.g., Agostini and Palmucci 2008; Ahlfeldt 2013; Billings 2011; Gibbons and Machin 2005) . For example, Agostini and Palmucci (2008) divided properties to those within 1 kilometer (treated) and those beyond (control). Billings (2011) defined treated properties using two catchment zones, within 0.5 mile (0.8 kilometer) and within 1 mile (1.6 kilometers) of a station, whereas Bowes and Ihlanfeldt (2001) classified properties using a set of contiguous catchment zones between 0.25 miles (0.4 kilometers) and 3 miles (4.8 kilometers) from a station.
In this study, we consider three catchment areas-0.5 kilometer, 1 kilometer, and 1.5 kilometersfor the DID and HP models. For example, defining treated properties at 0.5 kilometer means that all properties located at a distance equal to or less than 0.5 kilometer from a station are considered treated, while those located at a greater distance are considered control. Hence the results for each model using a particular catchment area (i.e., 0.5, 1, or 1.5 kilometers) represent the effect of the metro on the value of properties located within that catchment area, compared to all other properties located outside that catchment area.
To estimate the effect of the metro on property values, we obtained data pre-and post-opening of the metro in 2009. Depending on the availability of property data, researchers estimating the effect of a transport system on property values have used data either from pre-announcement time to postoperations or from after-announcement (i.e., during construction) to post-operations. For example, Ahlfeldt (2013) and Gibbons and Machin (2005) used property data during construction (and define it as pre-treatment) and post-operations (as post-treatment). On the other hand, Agostini and Palmucci (2008) used property data from pre-announcement to during construction, whereas Billings (2011) and Concas (2012) used property data from pre-announcement to post-operations.
In the ideal situation, one would obtain data from pre-announcement of the transport system until a few years after operations started. In the case of Dubai, we were only able to use data from 2007 (i.e., during construction) until 2011 (within 2 years of the metro operations). Therefore, we can only capture the short-term effect of the metro. In addition, because our data do not cover the pre-announcement period, we expect that the impact of the Dubai Metro estimated in this study may be undervalued. In summary, we can only estimate the marginal effect of the operations phase of the metro, and we are not able to capture initial land market reactions to the announcement of the metro. Other studies that also use data from after-announcement include Ahlfeldt (2013) and Gibbons and Machin (2005) . Although the red line started operations in September 2009, this year is chosen to be a pre-treatment year for the following reasons. First, only 10 of 29 stations operated in that year and it happens that all the treated properties in our sample are located within 1.5 kilometers of the stations that operated in the year 2010. In addition, all control properties in our datasets are located at a distance greater than 1.5 kilometers from any opened or planned metro stations. This happens to be the case in Dubai as the available transactions and listings records are for properties located in the relatively newly developed communities in Dubai, where properties experienced the most transaction activities, and the majority of the metro stations that operated in the year 2009 were located in the older and less-active communities. Therefore, 2009 is a pre-treatment year for all the properties in our datasets.
Second, the metro in Dubai is the first of its kind in the whole Middle East region, and given that it operates in a car-oriented city, the perception of the residents toward the metro within the first few months of operation and the possible impact of the metro on the value of properties are likely less obvious compared to cities in which railways are already available and the residents have experience and a perception of the system benefits. In addition, other researchers also have identified the opening year as a pre-treatment year (e.g., Concas 2012; Gibbons and Machin 2005) . In addition, the datasets did not identify the sale month of the properties, and hence we are not able to distinguish the treatment time per month. With regard to the possibility that properties may have received double treatment by being close to more than one station, we do not consider the amount of treatment, only whether the property received a treatment or not (i.e., whether it is close to at least one station).
The effect of the metro on property values is tested up to a maximum distance of 1.5 kilometers of a metro station. This threshold is chosen for various reasons. First, it is based on what appears to be an acceptable distance of users to a metro station, according to a survey conducted by RTA, which revealed that accessibility via walking is up to 1.2 kilometers, and kiss-and-ride, park-and-ride and/or feeder buses for distances beyond 1 kilometer (Roads and Transport Authority 2011). Second, a large number of previous studies have used similar thresholds, between a 1-to 2-kilometer distance from a rail station (e.g., Agostini and Palmucci 2008; Du and Mulley 2006; Gibbons and Machin 2005) .
To account for additional factors that can affect property values (other than property characteristics, property location and transaction year), we enrich our original dataset by adding contextual variables that need to be included in the empirical models: distance to main amenities (schools, hospitals and shopping malls); employment density; shopping density; as well as measures of transport accessibility (i.e., distance to the nearest highway, distance to the nearest metro station, and the number of metro stations within a given catchment area). All these variables are matched manually to each property record. Table 3 provides some basic descriptive statistics for these variables. 271 
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3.3
Creating pseudo panel data
In the absence of a genuine panel data, pseudo panel data may be created to control for temporal variation within the "same" groups. We consider different criteria to create pseudo panel data from repeated cross-sectional data. Previous studies have created pseudo panel data using either one or a number of time-invariant measures. The main challenge is to balance the sample size (i.e., number of cohorts) with the cohort size (i.e., number of records within a cohort). There is no right grouping criterion; however, the aims are to group individual records to homogenous cohorts, assuming that observations within a group share almost the same unobserved factors, ensure heterogeneity across groups, and retain the most optimal sample size. In almost all cases, the unobserved factors of a given cohort in a pseudo panel data can change over time because individual records within a cohort can change. Researchers argue that if the cohort size is large enough, the unobserved factors of the constructed cohort can be approximated to the actual unobserved factors of that cohort (Deaton 1985; Tsai et al. 2013) . Although Verbeek and Nijman (1992) show that a minimum of 100 observations per cohort provide a sufficient number of records for the pseudo panel data to reduce estimation bias, one can also argue that the sufficient number of observations per cohort may depend on the percentage of observations per cohort to the total number of observations in that group. However, existing literature does not suggest any percentage threshold that can be used as guidance.
We have considered different criteria to create pseudo panel data. Although all the grouping choices are time-invariant, they differ in the level of aggregation. Grouping records to the plot of land in which they are sited provides a reasonable level of aggregation without losing many records. This grouping criterion controls for the effect of the geographical location of property and allows for the unobserved factors related to the building and the plot of land to be captured. However, this may still lead to considerable differences in property characteristics within a cohort, especially if the number of properties within a given parcel or building is large. As a result, within-group variation is likely to be large and close to between-group variation.
To reduce the degree of heterogeneity within cohorts, a second option is used that groups records to both the plot of land and (a measure of) property size. This accounts for the effect of the unobserved characteristics of properties that can arise due to its size. Properties are grouped by area for every 150 square meters in size except for those less than 50 square meters as they correspond mainly to studio apartments and hence are expected to have unique characteristics.
To validate the grouping criteria, we compared between-and within-cohort standard deviations of the variables included in our models for the two options considered. The results confirmed that the second grouping option provides larger between-than within-cohort variation. The average cohort in the residential and commercial datasets contains 17 observations. Hereafter the constructed cohorts are referred to as pseudo panel groups. The two data structures, repeated cross-sectional data and pseudo panel data, are summarized in Table 4 . * The cells contain the number of properties and the figure in brackets is the percentage of observations to the total sample size.
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We compare the average property values per unit area between the pseudo panel data and the repeated cross-sectional data in Figures 3 and 4 . In general, we find that the values are similar for the catchment area defined at 1.5 kilometers, followed by the catchment areas based on 1 kilometer and 0.5 kilometer. This is because with larger distance bands the number of properties in each group increases, which in turn results in more comparable average values between the two data structures.
We acknowledge that, by creating pseudo panel groups, some information is lost. The difference in average property values between the repeated cross-sectional data and the pseudo panel data indicates that measurement error occurring in the pseudo panel data may bias estimations. We expect that the larger the difference, the more dissimilar the results generated using the two data structures. 
Empirical methodology
In this section we describe the models used to estimate the impact of the Dubai Metro on property values. The first is a DID model that examines the effect of proximity to the metro. The second and third are both HP models of the effect of accessibility to one or more metro stations, but they differ in the way they specify accessibility.
Difference-in-differences models
The DID method compares the change in the value of the treated group with the change in value of the control group before and after the operations of the metro. Treated properties are those located within 0.5 kilometer, 1 kilometer, and 1.5 kilometer of a station, whereas control properties are those located beyond these catchment areas. Equations 1 and 2 show the DID models for the repeated cross-sectional data and the pseudo panel data, respectively. The index j denotes the building to which a property belongs to in equation 1 and the pseudo panel group in equation 2. The term µj controls for time-invariant unobserved factors related to the building (equation 1) and the pseudo panel group (equation 2). It is worth mentioning that, for pseudo panel data, the group effect (D) is eliminated to avoid model over-specification as the same group repeats over time and the fixed-effect is on the group level. The term X refers to property related characteristics, while L refers to neighborhood attributes such as distance to nearest amenity (e.g., highway), and C refers to location attributes such as employment density. Table 3 provides a summary of these variables. More information on the basic DID model is presented in Appendix A.
lny i(j)t = α + α T T + γ D D + β(T.D) + α x X i(j)t + α L L jt + α C C jt + μ j + ε i(j)t
(1)
Hedonic pricing models
The hedonic pricing models estimate the effect of accessibility to metro stations within defined catchment areas. We consider two versions, formalized in equations (3)-(4) and equation (5), respectively. The first version considers the effect of proximity to a metro station, measured by the variable Nj, that is, the number of metro stations (0, 1, 2, 3, etc.) within a given distance (i.e. 0.5 kilometer, 1 kilometer, and 1.5 kilometers) from unit j. Similarly to the DID models, index j denotes the building in which a property is sited in for the repeated cross-sectional data (equation 3) and the cohorts for the pseudo panel data (equation 4). We also account for temporal changes through a year trend (t) and include contextual variables to control for property and neighborhood characteristics (included in the terms X and L, respectively). In addition, to reduce the potential for bias due to unobserved heterogeneity and confounding in the treatment effect, we further include location-specific variables (C) for employment and shopping densities. Table 3 provides a summary of these variables.
Similar to previous literature (Billings 2011; Bowes and Ihlanfeldt 2001; Duncan 2008; Efthymiou and Antoniou 2013; Pan and Zhang 2008; Weinberger 2001) , the DID and HP models above estimate 277 The effect of the Dubai Metro on the value of residential and commercial properties the effect of the metro separately for different catchment zones (i.e., 0.5 kilometer, 1 kilometer, and 1.5 kilometers). Ideally, we would have used smaller distance bands; however, this was not possible for the analyses using pseudo panel data due to the resulting limited number of observations in each distance band.
Nonetheless, we can estimate an additional HP model using smaller distance bands for the repeated cross-sectional data. This allows us to provide a finer description of the spatial impact of the metro on the value of residential and commercial properties. We set a threshold of a minimum of 30 observations per distance band, which results in a set of consecutive 200-meter distance bands, starting at 300 meters. The model is described in equation (5). The only difference compared to equation (3) is that we now use a set of dummy variables d to identify the series of consecutive 200-meter distance bands.
5
Results and discussion
The results obtained from the DID model and the two versions of the HP models are reported in Tables  5, 6 and 7, respectively, for dwellings and commercial properties. We only show the findings for the effect of the metro on property value, the main purpose of this study. Tables 5 and 6 present the effect of the metro estimated separately for the three catchment zones (i.e., 0.5 kilometer, 1 kilometer, 1.5 kilometers), while Table 7 presents the effect of the metro on property values over a range of contiguous 200-meter distance bands starting at 300 meters (i.e., 300 meters, 0.5 km, 0.7 km,…1.5 km). The majority of previous studies adopted a random-effects (RE) estimator to examine the effect of a transport system on property values. However, in the presence of omitted variable bias, this estimator will lead to inconsistent results. As an alternative, the fixed-effects (FE) estimator provides consistent results, but the results generated may be inefficient when within-group variation is small. Some researchers argue, and demonstrate, that when within-group variation is small, the widely used Hausman test to decide between estimator type (FE vs. RE) is problematic, as it relies on both the between-and within-variations to be large enough (Clark and Linzer 2013; Hahn, Ham, and Moon 2011; Plümper and Troeger 2007) . Clark and Linzer (2013) used Monte Carlo Simulation to decide on the estimator that produced consistent results in different circumstances, basing their decision on the least Root Mean Square Error (RMSE). In cases like ours (i.e., low within-variation, many and relatively small cohorts and low correlation between unobserved factors and regressors 3 ), they showed that the RE estimator produced more reliable results than the FE estimator. Similarly, Tsai et al. (2013) also used Monte Carlo Simulation on pseudo panel data and found that, in cases where between-group variation is larger than within-group variation, the RE models outperformed FE models based on RMSE. This was the case even in the presence of moderate correlation between the explanatory variables and the unobserved factors.
The discussion above suggests that one should decide on the more suitable estimator depending on the degree of within-and between-group variation. The property records in our dataset exhibit low within-group variation, hence we select the RE estimator as preferable to the FE estimator. We discuss the results for the preferred RE estimator but also report the results for the FE models in Appendix B.
Difference-in-differences models
The results of the DID models are presented in Table 5 and discussed below, using equation 1 for the repeated cross-sectional data and equation 2 for the pseudo panel data. The models for residential and commercial properties explain between 21 and 35 percent and 50 and 62 percent of the variation in property values, respectively. Starting with the sale value of residential properties, the level of statistical significance is relatively similar between repeated cross-sectional data and pseudo panel data, except for the 1-kilometer catchment zone. We estimate a significant positive impact of the Dubai Metro on residential property values, except for properties very close to the metro (i.e., within 0.5 kilometer) for which the effect is negative. The effect of the metro on the value of residential properties within 0.5 kilometer is estimated to be -9 percent and -17.7 percent for the repeated cross-sectional and pseudo panel data, respectively, compared to properties located farther away. A possible explanation is that properties located very close to metro stations may be adversely affected by increased noise levels (see, Diaz 1999; Du and Mulley 2006) . For example, Du and Mulley (2006) estimated the effect of proximity to light rail stations and found a negative effect (between 5 and 40 percent) on the value of residential properties located within 200 to 500 meters.
On the other hand, the metro uplifted the sale value of residential properties within 1 kilometer by 7.8 percent and 4.3 percent using repeated cross-sectional data and pseudo panel data, respectively, although the latter estimate is not statistically significant. As for the 1.5-kilometer distance band, the model fails to identify a statistically significant effect. The difference in the magnitude of the effect of the metro on property values between the two data structures is likely to result from measurement error due to averaging of observations in the pseudo panel data.
We now consider the results for commercial properties. In contrast to dwellings, we find an overall positive and significant effect across the three catchment zones. In addition, the magnitude of the impact of the metro is also much higher. The results obtained using repeated cross-sectional data suggest that property values are uplifted by 39 percent, 42 percent, and 41 percent within 0.5 kilometer, 1 kilometer, and 1.5 kilometers of a metro station, respectively. However, we find a significant effect of the metro on commercial property values only for properties located within 1 kilometer (+30 percent) and 1.5 kilometers (+46 percent) using pseudo panel data. 279 
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Hedonic pricing models
We start with the model for equations (3) and (4), shown in Table 6 . The models explain between 34 percent and 38 percent of the variation in residential property values and between 59 percent and 63 percent of the variation in commercial property values. Similar to the DID models, the effect of metro on sale values for residential properties using the first version of the HP models tends to be negative for properties very close to the metro but positive for larger distance bands. The model suggests that the value of properties within 1 kilometer and 1.5 kilometers increased by about 2 percent and 1.2 percent, respectively, using repeated cross-sectional data. However, the results for the models using pseudo panel data are not significant. The difference in statistical significance between the repeated cross-sectional data and the pseudo panel data is due to the Legend: *, **, *** indicate significance at 10 percent, 5 percent, and 1 percent, respectively. Values in parentheses are standard errors. Note: Although other variables as listed in Table 3 (e.g., property characteristics, neighborhood characteristics, distance to amenities) are included and estimated in the model, the results above only present the impact of the Dubai Metro, as it is the main purpose of this research. The results for the contextual variables are available from the authors upon request.
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JOURNAL OF TRANSPORT AND LAND USE 10.1 difference in the average values between the individual records and the constructed cohorts, as shown in Figure 3 . As for the effect of the metro on the value of commercial properties, we find an overall positive and significant impact. The model for repeated cross-sectional data suggests an increase in values of about 36 percent, 34 percent, and 14 percent for properties within 0.5 kilometer, 1 kilometer, and 1.5 kilometers of a station, respectively. The model using pseudo panel data also indicates a positive and significant impact on commercial property values. The results show enhancements in value of 23 percent, 25 percent, and 18 percent for properties within 0.5 kilometer, 1 kilometer, and 1.5 kilometers, respectively.
The estimates obtained from repeated cross-sectional data and pseudo panel data are more comparable for commercial properties than for residential properties. A possible explanation is the larger consistency of average values between the two data structures in the commercial property dataset compared to the residential property dataset (see Figures 3 and 4) . Similarly, we find that the coefficient of variation of property values in the repeated cross-sectional data versus pseudo panel data is more comparable for commercial properties (Table 4) .
The results of the second version of the HP model (equation 5) using consecutive 200-meter distance bands between 300 meters and 1.5 kilometers (i.e., 300 meters, 0.5 kilometer, 0.7 kilometer, …1.5 kilometers) are presented in Table 7 and Figure 5 . We obtain a concave shape for the relationship between property value and the distance to the metro. Similar to the previous models, the impact of the metro is substantially larger for commercial properties than for residential properties. Moreover, there appears to be some discontinuity in the significance of the metro effect for residential properties, particularly for distances up to 300 meters, between 501 and 700 meters, and greater than 1.1 kilometers.
As with the DID models, there is a negative impact (-6 percent) for properties located very close to the metro, that is, between 301 and 500 meters of one or more metro stations. The peak of the positive impact of the metro on sale values occurs for properties located between 701 meters to 900 meters (+13 percent) of a metro station. This is followed by a 10 percent increase in sale values for properties located between 901 meters and 1.1 kilometers, after which there is no significant impact. In contrast, the effect of the metro on commercial property values is significant across all distance bands and ranges between 25 percent and 76 percent; it reaches its peak for properties located between 701 and 900 meters (+76 percent) of a metro station. Table 3 (e.g., property characteristics, neighborhood characteristics, distance to amenities) are included and estimated in the model, the results above only present the impact of the Dubai Metro, as it is the main purpose of this research. The results for the contextual variables are available from the authors upon request. 
Comparison with existing evidence
Here we discuss the preferred estimates and compare them with existing evidence. The DID model is thought to be better at capturing the causal effect of the Dubai Metro on property values than the HP model. In addition, since we control for unobserved heterogeneity in our models using repeated crosssectional data, we argue that the models based on repeated cross-sectional data are likely to produce more reliable results compared to those based on pseudo panel data. First, the number of observations in the repeated cross-sectional dataset is much larger than in the pseudo panel dataset. The sample size in the pseudo panel dataset is less than 10 percent of the sample size of the repeated cross-sectional dataset for both types of properties (see Table 4 ). The larger the sample size, the more likely the accuracy of the results. Second, since the average cohort size is relatively limited, this can lead to measurement error in the average values of the pseudo panel groups and hence bias results. Agostini and Palmucci (2008) and Koster, Ommeren, and Rietveld (2010) also argue that individual repeated cross-sectional data corrected for unobserved heterogeneity are preferable. Therefore, our preferred results are those obtained from the DID models using repeated cross-sectional data.
Comparing our results for the car-oriented city of Dubai with those obtained for other cities with low levels of public transport, we find similar estimates for cities in the United States (e.g., Agostini and Palmucci 2008; Billings 2011; Bowes and Ihlanfeldt 2001; Cervero 2003; Duncan 2008) . Although the measure of transport accessibility used in our study may differ from the measures used in previous work, we can still find a basis for comparison.
In particular for residential properties, we find that the effect is concave, where it is negative (-9 percent) on the value of properties located very close to a railway station and positive (7.8 percent) within 1 kilometer of the metro. Other studies also find a concave effect, where the impact is either negative or insignificant and peaks some distance away (e.g., Billings, 2011; Seo, Golub, and Kuby 2014) . For example, Billings (2011) for Charlotte, North Carolina, found that the effect of the LRT on the value of single family homes was not significant within 0.8 kilometer while it was positive in the range of 4 percent to 13 percent for all properties located within 1.6 kilometers. Bowes and Ihlanfeldt (2001) also found that the effect of proximity to a rail in Atlanta ranges from -19 percent to 2.4 percent. Agostini and Palmucci (2008) estimated the effect at one catchment area for dwellings within 1 kilometer of a metro station, and found that the value increased during the construction stage by 4.3 percent.
A very limited number of studies estimated the effect of a railway on the value of commercial properties. To our best knowledge, only one study has used a DID model to estimate the effect of rail on commercial property values (Billings 2011) but did not find any significant estimates. Therefore, we compare our results to studies using HP models. The preferred model estimates a maximum effect of just above 40 percent on the value of commercial properties in Dubai. This estimate is between the range of estimate values obtained in previous studies. While Cervero (2003) found that proximity to a light rail station increased the value of commercial properties within 0.5 miles (just above 800 meters) by 72 percent, Weinberger (2001) estimated that the increase in the value of commercial properties located within 0.5 miles of a light rail station was in the range of 7 percent to 10 percent.
Policy implications
Some researchers argue that capturing part of the increase in property value due to a railway investment can be justified to fund at least part of the transport service (Dickens 1992; Smith and Gihring 2006) . There are three main fiscal mechanisms for land value capture: taxes or charges, partnership deals, and endowment schemes (see Enoch, Potter, and Ison 2005; Lari et al. 2009; Martínez and Viegas 2012; Salon and Shewmake 2012) . The first is the most common and is applied through taxes or levies on properties that benefit from accessibility to a rail station; examples include direct land levee or tax increment financing (TIF). The second mechanism revolves around partnering with developers or landowners to develop areas around the railway. In the third scheme, land is granted to the transport provider to either resell after it gains value due to the railway or invest in and then sell. In these two cases, the profit of land value increase or the return on investment from the development is used to fund the railway. While the first mechanism allows for a continuous contribution of land value capture, the second and third are generally a one-off or an irregular plan toward funding transport services. Dubai does not apply any taxation on properties, land, and income, similar to all of the cities in the Gulf Corporation Council in the Middle East region. It is, therefore, a unique case in this regard and all transport systems are fully funded by the government. Should the government decide to capture at least a part of the value increase due to the metro, the positive results generated from the different models estimated in this study support this decision for commercial properties located up to 1.5 kilometers from a station and for residential properties located between 0.5 kilometer to 1.1 kilometers. Nonetheless, as the rate and the impact radius vary across type of property, the amount captured can differ as well.
There are perhaps other considerations that the government could ponder before endorsing a given land value capture policy, such as the status of Dubai's economy, the competitiveness of the city worldwide, and the wider plans for the city's growth (Salon and Shewmake 2012) . In addition, the legal framework of property acquisition has to be modified to consider the rights of the transport provider to capture at least a part of the increases in property values due to investments in rail projects (Martínez and Viegas 2012; Smith, Gihring, and Litman 2010) .
Conclusions
This paper estimated the effect of the Dubai Metro on residential and commercial property values using both DID and HP models and two types of data structure: repeated cross-sectional data and pseudo panel data. Our findings indicate an overall positive effect of the Dubai Metro on the sale value of residential and commercial properties, although the nature and magnitude of the effect differs by type of property and distance band. Similar to previous studies, we find that the effect is negative for residen-tial properties located very close to the metro (i.e., less than 0.5 kilometer) and that it reaches its peak between 701 to 900 meters of a station. Our findings also suggest that the effect of the metro is considerably higher for commercial properties than for residential properties. Moreover, unlike residential properties, the effect is positive and high for properties located very close to the metro. This is expected since the impact of negative externalities associated with noise and pollution from the transport system are less of an issue for businesses than for households. The increase in the value of residential and commercial properties due to the metro has potential policy implications for the funding of future public transport proposals through a land value capture mechanism. Should Dubai choose to capture at least a part of the increase in property values due to the metro to fund future metro services, it could use the estimates produced by this study for different catchment zones. In addition, the results obtained in this analysis may also be informative for other cities in the Middle East region also planning to construct their own urban rail systems.
The main limitations of this study relate to data availability. One such issue is the lack of data for pre-announcement years, implying that the estimates produced in this study can only capture the effect of the operations phase of the metro compared to the construction phase, and hence are likely to be undervalued The difference between the values of treated and control properties before and after the treatment eliminates any time effects and yields an estimation of the treatment effect. This suggests the following (lny i1 -lny i0 ) -(lny i1 -lny i0 ) = β + (ε i1 -ε i0 ) -(ε i1 -ε i0 )
The β is called the difference-in-differences estimator and is unbiased if E[(ε i1 -ε i0 ) -(ε i1 -ε i0 )] = 0
The general assumptions of a DID estimation applicable to our study are as follows (e.g., Bertrand, Duflo, and Mullainathan 2004; Cameron and Trivedi 2005) . First, to allow for a correct estimation of the DID parameter, the treated and control groups do not change over the specified time period. Second, the error term in the regression model is assumed to have a zero mean and a constant variance. Finally, for unbiased estimations, we assume that the expected change in the treated and control groups would follow the same pattern had the treatment not occurred (parallel trend assumption). 
